Biodiversity forecasts are important for conservation, management, and evaluating how 11 well current models characterize natural systems. While the number of forecasts for 12 biodiversity is increasing, there is little information available on how well these forecasts 13 work. Most biodiversity forecasts are not evaluated to determine how well they predict 14 future diversity, fail to account for uncertainty, and do not use time-series data that 15 captures the actual dynamics being studied. We addressed these limitations by using 16 best practices to explore our ability to forecast the species richness of breeding birds in 17 North America. We used hindcasting to evaluate six different modeling approaches for 18 predicting richness. Hindcasts for each method were evaluated annually for a decade 19 at 1,237 sites distributed throughout the continental United States. While each model 20 could explain most of the variance in richness, none of them consistently outperformed 21 a baseline model that predicted constant richness at each site. In particular, we found no 22 evidence that current methods (such as species distribution models) can successfully turn 23 spatial data into useful temporal predictions about biodiversity at decadal time-scales. 24 The best practices implemented in this study directly influence the forecasts, the relative 25 performance of different modeling approaches, and the conclusions about the current 26 state of biodiversity forecasting . To facilitate the rapid improvement of biodiversity 27 forecasts, we emphasize the value of specific best practices in making forecasts and 28 evaluating forecasting methods. 29 35 effects (Cardinale et al. 2012, Díaz et al. 2015, Tilman et al. 2017. High-profile studies 36 forecasting large biodiversity declines over the coming decades have played a large role 37 in shaping ecologists' priorities (as well as those of policymakers; e.g. IPCC 2014), 38 but it is inherently difficult to evaluate such long-term predictions before the projected 39 biodiversity declines have occurred.
Introduction 30
Forecasting the future state of ecological systems is increasingly important for planning 31 and management, and also for quantitatively evaluating how well ecological models 32 capture the key processes governing natural systems (Clark et al. 2001 , Dietze 2017 biodiversity's central role in conservation planning and its sensitivity to anthropogenic directly relate spatial patterns of species richness to environment conditions have been Figure 1: Example predictions from six forecasting models for a single site. Data from 1982 through 2003, connected by solid lines, were used for training the models; the remaining points were used for evaluating the models' forecasts. In each panel, point estimates for each year are shown with lines; the darker ribbon indicates the 68% prediction interval (1 standard deviation of uncertainty), and the lighter ribbon indicates the 95% prediction interval. A. Single-site models were trained independently on each site's observed richness values. The first two models ("average" and "naive") served as baselines. B. The environmental models were trained to predict richness based on elevation, climate, and NDVI; the environmental models' predictions change from year to year as environmental conditions change.
deviations were actually observer-related (as opposed to being related to the sites that a given observer happened to see). The resulting model partitions the variance in observed 141 richness values into site-level variance, observer-level variance, and residual variance 142 (e.g. variation within a site from year to year). The site-level estimates can also be used 143 directly as the "average" baseline model (see below). The estimated observer effects can 144 be subtracted from the richness values for a particular observer to provide an estimate 145 of how many species would have been found by a "typical" observer. To incorporate 146 uncertainty in these "corrected" richness values into the forecasting models we collected Three of the models used in this study were fit to each site separately, with no environ-153 mental information (Table 1) . These models were fit to each BBS route twice: once 154 using the residuals from the observer model, and once using the raw richness values.
155
When correcting for observer effects, we averaged across 500 models that were fit 156 separately to the 500 Monte Carlo estimates of the observer effects, to account for our Figure 2: A. Model predictions for Pennsylvania route 35 when all observers are treated the same (black points). B. Model predictions for the same route when accounting for systematic differences between observers (represented by the points' colors). In this example most models are made more robust to observer turnover. Note that the "naive" model is less sensitive to observer turnover, and does not benefit as much from modeling it. Table 1 : Six forecasting models. Single-site models were trained site-by-site, without environmental data. Environmental models were trained using all sites together, without information regarding which transects occurred at which site or during which year. Most of the models were trained to predict richness directly. This mirrors the standard application of these techniques. Separate random forest SDMs were fit for each species and used to predict the probability of that species occurring at each site. The specieslevel probabilities at a site were summed to predict richness. The mistnet JSDM was trained to predict the full species composition at each site, and the number of species in its predictions was used as an estimate of richness.
Predictors

Model
Response In contrast to the single-site models, most attempts to predict species richness focus on 185 using correlative models based on environmental variables. We tested three common 186 variants of this approach: direct modeling of species richness; stacking individual 187 species distribution models; and joint species distribution models (JSDMs). Following 188 the standard approach, site-level random effects were not included in these models as 189 predictors, meaning that this approach implicitly assumes that two sites with identical the species-level probabilities instead of just one, propagating the uncertainty forward. 215 We obtained these estimates using random forests, a common approach in the species The absolute error of the models was generally similar or larger than that of the "average" model, with large outliers in both directions. The deviance of the models was also generally higher than the "average" baseline. variance in this component. This makes sense, given that they could not explicitly 309 distinguish among sites with similar climate, NDVI, and elevation. Interestingly, the 310 environmental models had higher squared error than the baselines did for tracking 311 year-to-year fluctuations in richness as well.
312
Accounting for differences among observers generally improved measures of model fit 313 (Figure 7) . Improvements primarily resulted from a small number of forecasts where 314 observer turnover caused a large shift in the reported richness values. The naive baseline 315 was less sensitive to these shifts, because it largely ignored the richness values reported 316 by observers that had retired by the end of the training period (Figure 1) . The average 317 model, which gave equal weight to observations from the whole training period, showed 318 a larger decline in performance when not accounting for observer effects -especially in 319 terms of coverage. The performance of the mistnet JSDM was notable here, because its prediction intervals retained good coverage even when not correcting for observer differences, which we attribute to the JSDM's ability to model this variation with its 322 latent variables.
323
Discussion
324
Forecasting is an emerging imperative in ecology; as such, the field needs to develop 325 and follow best practices for conducting and evaluating ecological forecasts (Clark et al. it is substantial for higher-level patterns like richness as well. SDMs' poor temporal predictions are particularly sobering, as these models have been one of the main founda-348 tions for estimates of the predicted loss of biodiversity to climate change over the past 349 decade or so (Thomas et al. 2004 , Thuiller et al. 2011 , Urban 2015 of BBS data becomes available, and make iterative improvements to the forecasting 468 models in response to these assessments.
469
Making successful ecological forecasts will be challenging. Ecological systems are 470 complex, our fundamental theory is less refined than for simpler physical and chemical 471 systems, and we currently lack the scale of data that often produces effective forecasts 472 through machine learning. Despite this, we believe that progress can be made if we 473 develop an active forecasting culture in ecology that builds and assesses forecasts in 474 ways that will allow us to improve the effectiveness of ecological forecasts more rapidly 
